The accurate state of charge (SoC) online estimation is a significant indicator that relates to driving ranges of electric vehicles (EV). The relationship between open circuit voltage (OCV) and SoC plays an important role in SoC estimation for lithium-ion batteries. To compare with the traditional incremental OCV (IO) test and the low current OCV (LO) test, a novel OCV test which combines IO test with LO test (CIL) is proposed in this paper. Based on the reliable parameters online identification of the dual polarization (DP) battery model, two SoC estimation algorithms are compared on the accuracy, robustness and convergence speed for the entire SoC region. Meanwhile, the comparative study of the three OCV-SoC relationships fits by the corresponding OCV tests is discussed in terms of the SoC online estimation under various temperatures. The results show that the adaptive extended Kalman filter (AEKF) algorithm can better improve the accuracy and robustness of SoC estimation than that of the extended Kalman filter (EKF) algorithm. Most importantly, the OCV-SoC relationship obtains from the CIL OCV test method is applied to the AEKF algorithm, which has higher accuracy and better statistical indices of SoC estimation, especially suitable for the low temperature.
I. INTRODUCTION
With the development of the automobile manufacturing industry towards to the tendency of the cleanliness, efficiency and sustainability, the EV is the most potential choice to solve the above problems, which has made great progress and development in the industrial and commercial fields [1] , [2] . Lithium-ion batteries with the high energy density and the long cycle life are commonly employed to supply energy for EVs [3] . Unfortunately, lithium-ion batteries cannot satisfy the requirement of the information transmission, control and management. Therefore, a battery management system (BMS) is developed to realize above-mentioned functions, The associate editor coordinating the review of this manuscript and approving it for publication was Zhen Li. which is responsible for monitoring the state of the battery, controlling the charge and discharge of the battery, and interacting the state information of the battery with the motor driver and the whole vehicle controller [4] - [6] . The battery SoC estimation is an essential ingredient of the BMS, which is approximately equivalent to the fuel gauge of the EV to indicate remaining driving ranges. Furthermore, the accurate SoC estimation also can provide a security assurance to the user due to it can avoid over-charge and over-discharge of lithiumion batteries [7] . The mechanism of electrochemical reaction in the lithium-ion battery is difficult to determine, and the driving condition of the EV is complex, so it still needs explore to provide an accurate SoC estimation for the EV.
The coulomb counting method [8] and the open circuit voltage method [9] are widely used to the SoC estimation in the last few decades, because they have the characteristics of the simple principle and the less computational effort for the vehicle-mounted BMS system. However, it is difficult to meet with the complex and changeable driving conditions of EVs, due to its low accuracy and poor robustness of the SoC estimation results, so they are now replaced by other methods. The data-driven method as a new type of machine learning algorithm to achieve the SoC estimation in recent literatures [10] , [11] , which trains lots of experimental data to form the direct mapping relationship between the SoC and the current, voltage and temperature of the battery. Although the data-driven method can satisfy the accuracy of the SoC estimation for the nonlinear battery system, its accuracy and robustness strongly depend on the high algorithm complexity and plenty of training experimental data, which make it difficult to match well with the fast responsive BMS. The reality suggests most commonly accepted SoC estimation method for the BMS is the model-based method, which is a synthesis of the coulomb counting method and the open circuit voltage method by using the battery model and the state estimation algorithm [12] . The commonly used lithium-ion battery models include the electrochemical model [13] , [14] and the equivalent circuit model (ECM) [15] , [16] that both can describe the performance of the battery. Compared with the ECM model, complex partial differential equations and abundant electrochemical parameters of the electrochemical model are difficult to run and identify in the BMS, so the ECM model with the simple structure and a few parameters is selected to play an important role in the model-based method. The parameters identification of the ECM model is the top priority for the SoC estimation via the model-based method. The least square (LS) approach [17] and recursive least square (RLS) approach [18] are usually employed to identify parameters of the ECM model. Then the mapping relationship between the characteristic parameter of the ECM model and the SoC is established, which can be applied to the state estimation algorithm (such as the EKF algorithm [19] , the particle filter algorithm [20] , the dual EKF algorithm [21] , the adaptive EKF algorithm [22] and other filter algorithm, etc. [23] ) to correct the SoC estimation results of the coulomb counting method through the algorithm iterations. The SoC estimation results of the model-based method is determined by the battery model and the state estimation algorithm, which results in most literatures concentrate on how to improve the structure of the battery model and select the optimal filter algorithm to get an excellent SoC estimation with the high accuracy and the strong robustness. However, the common usage of the OCV-SoC mapping relationship acts as the interface channel between the battery model and the state estimation algorithm, whether it has an effect on the SoC estimation results of the model-based method is seldom discussed in literatures.
Widely adoptive the OCV tests are the low current OCV (LO) test and the incremental OCV (IO) test, which can respectively obtain the different OCV-SoC mapping relationships and result in different influences on the SoC estimation.
Zheng et al. [24] conduct a comparative research about the influence of the LO test and the IO test on the SoC estimation at three dynamic tests under various temperatures, the study reveals that the SoC estimation results through the IO test performs better than that of the LO test. However, there have several imperfections need to be investigated and improved. Firstly, the OCV-SoC mapping relationship is developed via the offline lookup table, which will slow the running speed of the SoC estimation algorithm. Secondly, the parameters of the battery model are only identified from the dynamic stress test (DST) via LS approach under certain temperature, and then the parameters are applied to the filter algorithm to verify the accuracy of the SoC estimation by using other three driving tests under different temperatures, so it will lead to large SoC estimation errors, because the parameters identification comes from the DST test under certain temperature, which may not be generalizable for other driving tests. Lastly, the SoC estimation region is only occurred between 10% and 90%, which lacks of general applicability for the whole driving cycle of the EV. Lin et al. [25] also carry out a study about the impact of the LO test and the IO test on the SoC estimation and make corresponding modifications in terms of the above-mentioned imperfections of the study. But there still have seldom issues need to be investigated, such as the SoC estimation algorithm is verified by using the DST test. Compared with the real working condition of the EV, the DST is relatively easier than other dynamic tests. Thus, the results of this SoC estimation algorithm do not have universality for the complex test. Moreover, in order to improve the accuracy of the SoC estimation at low temperature, a method by adding relaxation time of the IO test is proposed, which can indirectly change the OCV-SoC mapping relationship. However, it will extend the test time and may result in failing to promote in the practice. Therefore, a detailed comparative analysis of different OCV tests for impact on the SoC estimation should be further researched.
The main contributions of this paper are as follows: (1) the paper innovatively proposed a novel OCV test method which combines incremental with low current OCV test; (2) the comparative investigations between the mapping relationship obtains from the novel OCV test and other OCV tests are done to explore the influence rule of the SoC estimation. (3) a recommended method in terms of the SoC estimation is given, especially suitable for the low temperature.
II. BATTERY MODEL A. EQUIVALENT CIRCUIT MODEL OF THE BATTERY
The embedded system is commonly used to the BMS of the EV, which has limitations of the computing capacity and the memory space. Thus, it is important for selecting a battery model to represent the relationship between output characteristics of the battery and internal parameters. The fresh LiFePO 4 (LFP) battery is used in this paper and its detailed information is listed in Table 1 . For the model selection, the dual polarization (DP) model is a 2-RC ECM to be employed in this paper, as shown in Fig.1 , which has the better accuracy to describe the external characteristic of the battery than 1-RC model [26] . In the Fig.1 , the DP model consists of three components, respectively are the voltage source and the ohmic resistance as well as the RC network, which has an excellent applicability at various operative modes for the battery. According to the Kirchhoff voltage law and the Kirchhoff current law, we can deduce the state-space equation to analyze and apply in the SoC estimation. The state-space equation of the battery can be expressed by the Eq. (1).
where U oc denotes the open circuit voltage (OCV), R 0 is the ohmic resistance that represents the contact resistance between the electrode material and the electrolyte, RC network has two parts with the parallel structure of the resistance and the capacitance, which describes the dynamic performance of the battery along with polarization characteristics and diffusive effects. R 1 , C 1 and R 2 , C 2 are proposed to reveal the concentration polarization and the electrochemical polarization, respectively. U 1 and U 2 are polarization voltages that respectively across C 1 and C 2 . U t is the terminal voltage which can be directly measured. I is the current with the positive value or the negative value, which respectively represents the discharged process and the charged process. In Eq. (2), we can fit the OCV-SoC relationship by using OCV-SoC test. Yu et al. [27] conduct an investigation about the sensitivities of OCV models to ambient temperatures, aging stages, numbers of data points, and SoC regions of LFP battery. According to his results, the 9th order polynomial model is the recommended choice for the LFP battery to describe the function relationship between OCV and SoC.
where k p (p = 0, 1, . . . , 9) are the coefficients of the polynomial function that used to fit the OCV-SoC relationship.
B. ONLINE IDETIFICATION OF THE BATTERY MODEL PARAMETERS
The online identification algorithm is a method that utilizes the real-time measured current, voltage and temperature to realize the online update of the battery model parameters.
For the online parameter identification, we need to obtain the dispersed recursive expression of the DP battery model. Thus, Eq. (1) is transformed and then deduced the frequencydomain expression of the DP battery model, as shown in Eq. (3).
where s is the frequency operator.
The corresponding transfer function of Eq. (3) is:
The Eq. (5) is a bilinear transform method that is used for the discretization calculation of Eq. (4) and the consequence is presented in Eq. (6),
where the z is discretization operator.
where w 1 , w 2 , w 3 , w 4 , w 5 are the coefficients and which can be solved by Eq. (4). A discretization form of Eq. (3) is rewritten as Eq. (7), where k = 2, 3, 4 . . .,
Definition:
Then
where I (k) can measure via the current sensor, θ(k) is the parameter vector to be identified, ϕ(k) is the input vector. VOLUME 8, 2020 Due to the model parameters are susceptible to environmental changes, therefore it is difficult for the RLS approach to obtain the stable and reliable parameter identification results [28] . To resolve the problem in this paper, the RLS with an optimal forgetting factor (FRLS) is adopted to adjust data weight between old data and recent data, which enables the algorithm respond quickly and converge to the real value [29] . Thus,
where θ 0 is a given initial value of parameter vector, and P(k) is the gain factor, which is updated by
where P(1) = P(2) = · · · = P(k) = p 0 E where p 0 is a large positive number, E is an identify matrix, and λ is the forgetting factor which value in this paper is 0.98.
With the updated ϕ(k), the FRLS algorithm is realized, and the model parameters can be achieved by Eq. (11) .
III. OCV-SoC MAPPING TESTS
There is a monotonous mapping relationship between the OCV and the SoC. As we mentioned in the Eq. (2), the OCV-SoC mapping relationship has a crucial significance for improving the accuracy of the battery model and the SoC estimation [30] . For the SoC, we can calculate it by using ampere hour counting method, as shown in Eq. (12) . Next section will indicate statements about the experiment of the OCV test and three methods of the OCV test.
where y(t) denotes the estimated value of SoC at t moment, y(t 0 ) represents the initial value of SoC, η i is the Coulombic efficiency during the charge process or discharge process, i(τ ) is the current for the charge or discharge at τ moment, C max represents the maximal capacity of the battery.
A. EXPERIMENT SETUP
In order to accomplish the OCV test, we build the battery testing platform that is shown in Fig.2 . The platform consists of the control computer, the Neware battery testing system, and the thermal chamber. The control computer transfers testing orders by using the Neware software to the Neware battery testing system, which can conduct various battery tests. Properly drawn testing data are the voltage, current, temperature and capacity, etc. All the sampling frequency of the testing data is 1 Hz. Meanwhile, the testing battery commonly puts into the thermal chamber that can maintain stationary environment temperature. We separately conduct three methods of the OCV on the battery platform at 5 • C, 25 • C, and 40 • C.
B. LOW CURRENT OCV TEST
A constant low current of 0.05 C is adopted during the low current OCV test, and the testing terminal condition is the upper cut-off voltage reaches 3.65 V or lower cut-off voltage arrives 2.2V during the charged process or the discharged process. Fig.3 (a)-(i) and (ii) respectively demonstrates the charged profile and discharged profile of the low current test about the LFP battery at 25 • C. The terminal voltage approximately equals to the OCV at low current rate due to the low current reduces the concentration polarization and the electrochemical polarization effects inside the battery [31] . Thus, we can respectively fit OCV-SoC polynomial function through Eq. (2) using the terminal voltage data of the low current test at every 5% SoC of the charged and discharged processes.
C. INCREMENTAL OCV TEST
Before the incremental OCV test, the CCCV (constant current constant voltage) charged method is employed to make sure the battery is fully charged to 100% SoC. Then, ten currentrelaxation durations with the negative pulse are applied to the battery, which is gradually discharged to 0% SoC. Every negative current-relaxation duration makes sure that the battery discharges 10% SoC. Meanwhile, the negative pulse current is 0.3 C and the relaxation time is 2 h that can minimize the concentration polarization and the electrochemical polarization effects inside the battery. After standing about 2 h, the battery is gradually charged using above the same scheme with the positive pulse to 100% SoC. The charged and discharged profiles of incremental OCV test at 25 • C is displayed in Fig.3(b) . Finally, we can respectively fit OCV-SoC polynomial function via Eq. (2) using the OCV voltage data of the incremental test at every 10% SoC of the charged and discharged processes. 
D. COMBINED INCREMENTAL WITH LOW CURRENT OCV TEST
As stated above, the low current OCV test and the incremental OCV test are two OCV test methods, which are widely adopted for OCV-SoC mapping tests. A creative method which combines incremental with low current OCV test is used in this paper to conduct the OCV-SoC mapping test. The detailed charged testing schemes are: a). the C-rate of the battery is 0.5 C with CC charged method for 300 s, if the terminal voltage is greater than the cut-off voltage 3.65 V, the testing procedure goes to c), else goes to b); b). rest for 3600 s, then go to a); c). low current with 0.04 C that continuously charges 300 s, if the terminal voltage is greater than the cut-off voltage 3.65 V, the testing procedure goes to e), else goes to d); d). rest for 600 s, then go to c); e). end test.
On the contrary, the battery is discharged by following steps: A). the C-rate of the battery is 0.5 C with CC discharged method for 300 s, if the terminal voltage is less than the cut-off voltage 2.2 V, the testing procedure goes to C), else goes to B); B). rest for 3600 s, then go to A); C). low current with 0.04 C that continuously discharges 300 s, if the terminal voltage is less than the cut-off voltage 2.2 V, the testing procedure goes to E), else goes to D); D). rest for 600 s, then go to C); E). end test. Fig.3(c) indicates the charged and discharged profiles of OCV test combined incremental current with low current tests at 25 • C. Lastly, we can respectively fit OCV-SoC polynomial function by Eq. (2) using the OCV voltage data of the test at corresponding SoC of the charged and discharged processes.
E. OCV-SoC CURVES OF THREE OCV TESTS
The Fig.4 gives a clear indication that the OCV-SoC curves of three OCV tests at different temperatures (5 • C, 25 • C, 40 • C) will vary markedly during the charged or the discharged process. The OCV-SoC curves of three OCV tests in the entire process initially increase between 0% SoC and 10% SoC, then there is a barely discernible change from 10% SoC to 90% SoC, finally, the OCV-SoC curves endure a consistent upward surge in the last phase. There is an obvious difference between the charged OCV-SoC curve and the discharged OCV-SoC curve at every OCV test, which is informed by observing the Fig.4 (A) , (B) and (C). This difference is caused by the OCV hysteresis phenomenon [32] , [33] , which is the change of the volume and the structure of LiFePO 4 crystal due to Li + is inserted or released into the LiFePO 4 crystal during the charged or discharged processes [32] , [34] , [35] .
The more overlap between the charged OCV-SoC curve and the discharged OCV-SoC curve in each OCV test, the lower influence of the OCV hysteresis phenomenon and the better choice of the OCV test will have. Therefore, according to the OCV hysteresis phenomenon, we can conclude the method which combines incremental with low current OCV test (red lines) performs better than the incremental OCV test (blue lines) and the low current OCV test (green lines) at three temperatures (5 • C, 25 • C, 40 • C) in the Fig.4 . The OCV-SoC polynomial coefficient through Eq. (2) using the OCV data of each OCV test at corresponding SoC of the charged or discharged processes are fitted.
IV. METHODOLOGY OF SoC ONLINE ESTIMATION AND RELIABILITY COMPARISON A. AEKF FOR SoC ONLINE ESTIMATION
Kalman filter (KF) algorithm is a method for the SoC online estimation that depends on the reliable battery equivalent circuit model and the accuracy parameters identification of the battery model. However, KF only suits for the linear system. In order to extend to the complex nonlinear system, the extended Kalman filter (EKF) algorithm is proposed by using the Taylor expansion, which may lead to truncation errors and result in the EKF is divergent at some initial SoC value [37, 38] . In addition, EKF assumes that the noise in the battery model is invariable, which does not conform to the reality. Therefore, the adaptive extended Kalman filter (AEKF) algorithm is employed to solve the noise statistical characteristics in the filtering algorithm, it can adaptively update as the estimation results change.
For the AEKF, the dispersed state-space equation of the DP battery model can be shown as:
where the state variables are
The system excitation is u(k) = I (k)
The measured variable is y(k) = U t (k) w k and v k respectively represent the process noise and the measurement noise that both have zero-mean. The coefficient TABLE 2. AEKF for SoC online estimation process. matrix is described as:
The detailed process of SoC online estimation using AEKF is shown in Table 2 .
Where P is the state error covariance matrix, Q and R are the process noise covariance matrix and the measured noise covariance matrix, respectively. H is the terminal voltage error covariance matrix based on the moving window function, M is the size of window about moving window function, G is the Kalman gain matrix, e is voltage error matrix, x f k and P f k represent the state prior estimation value and the error covariance matrix of the prior estimation, respectively, x b k and P b k represent the state posteriori estimation value and the error covariance matrix of the posteriori estimation, respectively.
B. RELIABILITY COMPARISON OF SoC ONLINE ESTIMATION BETWEEN AEKF AND EKF
There is a dynamic test method simulated the real driving cycle of the EV to obtain the reliable assessment of the BMS core algorithm. The DST is one of the most common dynamic tests to acquire the performance of the battery. The driving cycle of DST is converted from the time-velocity profile of the EV through the Advisor software. The current profile of DST consisted of an intact time cycle is indicated in Fig.5(a) . Firstly, the FRLS is employed to execute the parameters online identification of the fresh LFP battery at 25 • C under the DST test, the real-time value of parameters is demonstrated in Fig.6 . The ohmic resistance R 0 of DP battery model, concentration polarization resistance R 1 , concentration polarization capacitance C 1 , electrochemical polarization resistance R 2 , and electrochemical polarization capacitance C 2 are respectively shown in Fig.6 (a)-(e). Next, in order to get an optimal selection of the SoC online estimation, we carry out the reliability comparison between AEKF and EKF at 25 • C under the DST test. The OCV-SoC relationship curve is applied to the AEKF and the EKF SoC online estimation, which is both fitted through the OCV test which combines incremental with low current OCV test. The initial SoC values of both AEKF and EKF have an impact on the robustness of the algorithm, therefore, we simultaneously set the initial SoC value equals to 70% (have 30% initial error) for AEKF and EKF. The fully charged battery is 100% SoC, and the true SoC can be calculated by using the ampere hour counting method. Real SoC online estimation values and SoC errors between AEKF and EKF for DST test at 25 • C are respectively shown in Fig.7(a) . By observing the Fig.7(a) -(i), the AEKF curve can approach the true SoC curve very well under the condition that the initial SoC is incorrect, but the EKF curve cannot. Meanwhile, the Fig.7 (a)-(ii) demonstrates the obvious SoC errors between AEKF and EKF over the DST driving cycle. The SoC error of EKF falls consistently from 30% SoC error to 2% SoC error, however, the AEKF has less than 2% SoC error with small fluctuations during the entire test. Therefore, the robustness of the AEKF algorithm for SoC online estimation is better than the EKF. In order to verify the accuracy of the AEKF and the EKF, comparisons of terminal voltage values and the corresponding errors between AEKF and EKF for DST test at 25 • C are indicated in Fig.7(b) . Fig.7(b) -(i) reveals that the terminal voltage curve of AEKF algorithm accurately tracks the true measured voltage curve very well, which is better than EKF algorithm. The absolute terminal voltage errors of AEKF algorithm are below 0.5%, however, majority of the terminal voltage errors about EKF algorithm exceed 0.5%, which can be indicated in Fig.7 (b)-(ii). From Fig.7 , with the SOC errors decreasing, the terminal voltage errors increasing, this is due to the effect of electrochemical polarization and concentration polarization inside the battery makes the battery voltage rebound during the end of DST test. The abovementioned analysis makes clear that the accuracy of the AEKF algorithm for SoC online estimation is superior to the EKF. According to the comparison results of the robustness and the accuracy between AEKF and EKF for SoC online estimation under the DST test at 25 • C, we choose the AEKF algorithm for SoC estimation to conduct the research in next section.
V. RESULTS AND DISCUSSION
Based on previous section, the AEKF algorithm as the optimal SoC online estimation method is selected, we conduct the research scheme whether the different OCV tests have an effect on the SoC online estimation at various temperatures modes and the complicated driving cycle. The SoC online estimator of the OCV-SoC relationship curve fitted by the low current OCV test is named as the LO estimator, the same naming principle is applied to other estimators, respectively are the IO estimator and the CIL estimator. Test temperatures include the low temperature 5 • C, the room temperature 25 • C, the high temperature 40 • C, respectively. Compared with the DST test, the UDDS possesses the more complex driving schedule which can adequately verify the proposed SoC online estimation. Meanwhile, on the premise of no influence it filters actual driving cycle tests data according to certain specifications to implement the propose of scaleddown the current profile of the UDDS, because the battery cannot take a risk of high currents which may trigger the thermal runaway [38] . The scaled-down current profile of UDDS is shown in Fig.5 (b) , which takes into account the regenerative braking charging due to it is the property of real driving cycle of the EV [39] . The BMS of the EV for the SoC estimation should have adaptive abilities when the initial SoC is incorrect. In order to verify the convergence speed and robustness among the three estimators, the research setting the initial SoC is 70% that has 30% SoC error. The root mean square error (RMSE) and the mean absolute error (MAE) are two statistical criterions to evaluate the error performance between three estimators about the real SoC online estimation values and true SoC values. Equations of the RMSE and the MAE are defined as follows:
where k is sampled points, A T and A M respectively represent the true SoC values via the ampere hour counting method and the SoC estimated values by using three estimators. The comparative results of SoC estimated values among three estimators at the room temperature 25 • C by using UDDS testing data are indicated in Fig.8 . For the Fig.8 (i) , it can be seen that all of the three estimators can quickly converge to the true SoC values under the condition of an incorrect initial SoC value. Moreover, except for the last phase, the curves of the three estimators overlap in most areas that can be observed in the zoom figure of the Fig.8 (i) . Further research shows that the corresponding SoC errors of three estimators are below 1%, the SoC error of the CIL estimator is smaller than that of both the LO estimator and the IO estimator, which can be revealed in Fig.8 (ii). To fully illustrate the SoC online estimation accuracy of the three estimators, the MAE and the RMSE are respectively calculated to act as the standard of the model performance and the index of fitting of the model. As shown in Fig.8 (iii) , the RMSE of the CIL estimator is 0.7617% and the MAE of the CIL estimator is 0.7480%, which is respectively less than that of both the LO estimator and the IO estimator. In addition, the estimated terminal voltages of the three estimators can track well with the true measured voltages based on the UDDS testing data at 25 • C, as shown in Fig.9 (i). Fig.9 (ii) describes the situation that the estimated terminal voltage errors of the CIL estimator, the IO estimator and the LO estimator all remain low at roughly the same level during the entire testing process. However, the estimated terminal voltage errors of the CIL estimator are less than that of the other two estimators by careful observation. The comparison results of both estimated SoC values and estimated terminal voltages declare that the CIL estimator performs better than the IO estimator and the LO estimator at 25 • C under the UDDS test.
The high temperature is a common working environment for the EV, it is important for the EV to explore the accuracy of the SoC estimation during realistic driving cycles. In terms of the complex UDDS driving cycle, Fig.10 depicts results of three SoC estimators at 40 • C under this driving cycle. The phenomena of the fast convergence about three estimators under the condition of an incorrect initial SoC value are indicated in Fig.10 (i) , the SoC estimated values of both the CIL estimator and the IO estimator are almost coincident, which are closer to the true SoC values than that of the LO estimator by investigating the zoom figure of the Fig.10 (i) . The SoC curves of three estimators tend to approach the true SoC curve gradually, because the SoC errors of three estimators gradually decrease with the UDDS test, as shown in Fig.10(ii) . What's more, the maximum SoC error of the CIL estimator is below 0.6%, which is much smaller than that of both the IO estimator and the LO estimator. The RMSE and the MAE of three estimators are illustrated in Fig.10 (iii) , the RMSE of the CIL estimator, IO estimator and LO estimator respectively equals to 0.5667%, 0.6642% and 1.0666%. Similarly, the MAE of the CIL estimator, the IO estimator and the LO estimator respectively equals to 0.5481%, 0.6479% and 1.0473%. Fig.11 shows that the estimated terminal voltages of three estimators have proven to be well matched with the true measured voltages, however, the estimated terminal voltage of the CIL estimator has smaller fluctuation than that of the other two estimators. The conclusion can be obtained that the CIL estimator can better adapt to the high temperature than the IO estimator and the LO estimator.
It is well known that the use of the battery system is greatly affected by the ambient temperature. Especially at the low temperature, the decrease of the electrochemical reaction activity of the battery may result in the precipitation of the electrode Li + , which impacts on the power characteristic of the battery. It is necessary to compare the SoC estimated accuracy of three estimators at low temperature 5 • C by using the UDDS test. We can clearly distinguish the SoC estimated values of three estimators and the true SoC values via Fig.12(i) . Contrastive analysis of SoC errors among three estimators are shown in Fig.12 (ii-iii). Fig.12 (ii) depicts that SoC errors of the CIL estimator is a situation of the sustained growth until the end of the UDDS driving cycles, similar patterns emerge in the IO estimator and the LO estimator. Overall, it is clear that the SoC errors of the CIL estimator is less than that of both the other two estimators. As mentioned in Fig.12 (iii) , the RMSE and MAE of the CIL estimator are a lot better and more stable than that of the IO estimator and the LO estimator. Fig.13 describes the comparative results of both measured voltages and estimated voltages among three estimators under UDDS test at 5 • C, the results show that the estimated voltage of the CIL estimator agrees well with the true measured voltages than that of the other two estimators. Although the three estimators estimate worse at 5 • C than that at 25 • C and 40 • C during UDDS test, but the CIL estimator performs better than the IO estimator and the LO estimator at 5 • C. One reason is that the precipitation of the electrode Li + can be potentially reduced via the low current of CIL OCV test at low temperature, which results in the improvement of the OCV-SoC relationship to compare with the IO OCV teat and the LO OCV test. Moreover, the interaction of the incremental low current with the relaxation time in the CIL OCV test makes the SoC estimated accuracy of the CIL estimator is higher than that of the other two estimators at 5 • C, 25 • C and 40 • C.
VI. CONCLUSION
Different OCV test methods affect the correlation of the OCV-SoC, accordingly, an excellent OCV-SoC relationship can improve the convergence speed and the accuracy of the SoC online estimation. In this paper, we developed a DP battery model to address the parameters online identification of the battery model. The comparative analysis of the SoC estimation algorithm between the AEKF and EKF indicated that the AEKF had higher accuracy and better robustness of SoC estimation than that of the EKF under driving cycles.
The OCV-SoC fitting relationship that respectively obtained from the CIL OCV test, the IO test and the LO test were applied in the AEKF algorithm of the SoC estimation. In the meantime, the UDDS driving cycles were run on the battery under various temperatures to verify the accuracy of the three SoC estimators. A comparison was executed among the three SoC estimators with regard to the influence of the corresponding OCV-SoC relationship for the SoC estimation.
The study results illustrate that the CIL estimator performs better than the IO estimator and the LO estimator, which take into account the various changes of OCV testing temperature. Therefore, the CIL estimator is the most recommended SoC estimation to load in the BMS for the EV, which can not only prevent the over-charge and over-discharge of batteries but also provide accurate driving ranges of the EV.
Under the current work scope and the limited time of this research, the scenarios of three OCV tests for affecting on SoC online estimation were all studied at above 0 • C. However, further work will be required to identify whether the OCV test at below 0 • C has a huge influence on the SoC online estimation. Furthermore, state observers of the battery module that contain the state of charge, the state of power, and the state of health, which will be explored in our future work. Meanwhile, we will launch two potential applications with the proposed data processing for online estimation. The one is the online estimation of the battery management system (BMS) for electric vehicles, the other is present a framework for estimating the life cycle cost of storage application about standalone power systems. Also, there have other potential applications with the proposed data processing for online estimation, which is employed to engineering applications that take more factors into consideration [40] - [44] . He is currently a Professor with the Inner Mongolia University of Technology. He has published over 30 articles and holds nine invention patents. His research interests include internal combustion engine working process, micro power and pneumatic machinery, and energy management of electric vehicle.
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